We optimize the design of a closed-loop supply chain network that encompasses flows in both forward and reverse directions and is subject to uncertainty in demands for both new and returned products. The model also accommodates a carbon tax with tax rate uncertainty. The proposed model is a three-stage hybrid robust/ stochastic program that combines probabilistic scenarios for the demands and return quantities with uncertainty sets for the carbon tax rates. The first stage decisions are facility investments, the second stage concerns the plan for distributing new and collecting returned products after realization of demands and returns, and the numbers of transportation units of various modes are the third stage decisions. The secondand third-stage decisions may adjust to the realization of the carbon tax rate. For computational tractability, we restrict them to be affine functions of the carbon tax rate. Benders cuts are generated using recent duality developments for robust linear programs. Computational results show that adjusting product flows to the tax rate provides negligible benefit, but the ability to adjust transportation mode capacities can substitute for building additional facilities as a way to respond to carbon tax uncertainty.
Introduction
To reduce the negative environmental impacts from supply chains, legislation and social concerns have been motivating firms to plan their supply chain structures for handling both forward and reverse product flows. In a closed-loop supply chain (CLSC) network, forward flows satisfy demands for new products, 5 while reverse flows represent collection and remanufacturing or recycling of returned products. Product returns may occur due to retailer overstocks and consumer dissatisfaction, extended producer responsibility legislation, or the potential profits derived from remanufacturing and resale. Companies that coordinate their reverse flows with forward flows are usually more successful with 10 their return supply chains (Guide & Van Wassenhowe, 2002) . Network design is one of the most important strategic decisions in a firm's CLSC management. As the CLSC network is expected to be in use for a considerable amount of time, the firm should consider all the possible factors that will affect the design decisions. Designing such a network involves long-term decisions to invest in fixed 15 facilities as well as more flexible decisions, such as transportation capacities and product flows. Transportation choices include various modes available, either by purchasing or leasing vehicle fleets or by contracting with external providers.
One source of the environmental impacts is the carbon emissions from transporting products. Returning products for recycling or remanufacturing increases 20 reuse. However, imposing a cost on carbon emissions can reduce the return flow as the return transportation cost is effectively increased (Allevi et al., 2016; Xu et al., 2017) . Much research has been proposed to mitigate the adverse environmental effects of freight transportation, particularly CO 2 emissions (Hickman & Banister, 2011) . One approach involves decisions concerning the choice among M A N U S C R I P T A C C E P T E D ACCEPTED MANUSCRIPT activities in 2014 (U.S. Environmental Protection Agency, 2016b . International trade liberalization contributes to significantly more transportation of products in global supply chains (Mallidis et al., 2012) . These trades employ different 30 modes of transportation such as road, rail, air, and water, each of which has a different rate of greenhouse gas (GHG) emissions. Among them, freight transportation modes account for nearly 57% of CO 2 emissions. Light trucks were responsible for 17% of CO 2 emissions while medium-and heavy-duty trucks contributed 23% on average between 2010 to 2014 (U.S. Environmental Protection 35 Agency, 2016a).
With concern over global climate change, regulations on carbon emissions resulting from industries such as transportation and power generation have been developed by policy-makers in different nations. For example, in 2005 the European Union instituted a carbon emission trading scheme (EU ETS) for the 40 energy-intensive industries with the aim of reducing GHG emissions by at least 20% below 1990 levels (Behringer et al., 2009 ). In addition, China, which is one of the world's largest emitters of GHG, has announced in recent years that the Ministry of Finance may levy taxes on CO 2 emissions (Xinhuanet, 2013) . As of January 2011, the US Environmental Protection Agency (EPA) has power to M A N U S C R I P T A C C E P T E D ACCEPTED MANUSCRIPT from $9.50/metric ton in 2008, increased to $30 in 2012 (Sumner et al., 2009 ). Some US federal agencies including the EPA estimated the social cost of carbon 60 to be $36 in (U.S. Environmental Protection Agency, 2017 . Therefore, how uncertainty concerning emission tax rates should affect the network configuration, choice of transportation modes and planned magnitudes of product flows while minimizing the overall cost is worthy of investigation.
In addition to carbon tax uncertainty, we also consider the uncertainty as-65 sociated with demand and return quantities. The modeling contribution of this paper is the formulation of a three-stage hybrid robust/stochastic program (Keyvanshokooh et al., 2016) with multiple scenarios for the demands and return quantities and an uncertainty set for the carbon tax rate. The first stage includes binary decisions of investing in candidate facilities as a long-term strat-70 egy that is robust to carbon tax regulation and optimizes the expected cost of satisfying demands and collecting returns. Planned product flows are the second stage decisions that optimally balance the tradeoffs between transportation cost and emission-related operational costs. Transportation capacities of various modes are the third stage decisions that, along with the product flows, 75 can adjust to the carbon tax rate once it is revealed. While several sources of uncertainty have been studied previously in CLSC network design, most of the literature assumes high levels of knowledge about their probability distributions. We focus on the epistemic uncertainty associated with new products in regions where carbon taxes have not been levied before. Therefore we consider 80 the scenarios to broadly represent product acceptance and likelihood of product return rather than high-frequency variability. The planned product flows are tactical decisions that distribute the demands and returns among facilities and balance the tradeoffs between transportation costs and penalties for not collecting all returns. Because implementation of a carbon tax could be delayed, we 85 assume the decisions of how to transport new and returned products are delayed until after the tax rate is known. While our initial model also allows product flows to adjust to the tax rate, numerical studies indicate that the benefit of doing so does not justify the additional computational effort. Thus, we focus on M A N U S C R I P T
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the formulation in which only transportation capacities of different modes are 90 adjustable to the carbon tax.
Including a large number of scenarios for demands and returns in largescale instances renders the solution procedure computationally cumbersome.
Therefore, we apply a multi-cut version of Benders decomposition (BD) to solve the hybrid robust/stochastic model by decomposing the problem into master 95 and sub-problems. The methodological contribution of this paper is to formulate the Benders cuts using the dual solutions of robust counterpart (RC) and affinely adjustable robust counterpart (AARC) sub-problems, which we obtain using recent duality results.
The results of numerical case studies show how the optimal number and 100 locations of opened facilities respond to uncertainty in the demand and return quantities. In addition, we observe how the choice of transportation modes responds to different carbon tax uncertainty levels and the extent to which adjustability of transportation capacities to carbon tax rates is beneficial. The AARC solution exhibits higher utilization of the transportation modes with 105 higher capacity and lower emission rates than the non-adjustable RC solution.
Also, in some cases, allowing transportation capacities to respond to the carbon tax rate reduces the investment in fixed facilities.
A brief review of the recent literature follows in Section 2. In Section 3, we introduce our CLSC network design formulations. We present computational 110 results in Section 4 and finally conclusions as well as future research directions in Section 5.
Literature Review
Carbon emission regulations on transportation have been considered in deterministic supply chain models. For example, Benjaafar et al. (2013) Pan et al. (2010) explored the environmental impact of pooling of supply chain resources at a strategic level and extracted the emission func-120 tions of two transport modes, rail and road, using a French case study . Hoen et al. (2010) investigated the effect of cap-and-trade and company-wide (hard constraint on emissions) regulation on transportation mode decisions. Furthermore, they analyzed the effect of considering emission costs or emission in their model, and they found that emission cost penalties have only a small effect on 125 transport mode selection compared to constraints. However, they did not consider the effect of emission cost parameters on transportation mode decisions.
More research includes the investigation of Bloemhof-Ruwaard et al. (2011) on the environmental impact of inland navigation (transportation by canals or rivers) compared to inland transport modes, which identified that the road 130 transport mode is the biggest contributor of hazardous gas emission. Fu & Kelly (2012) evaluated the impacts of different transportation tax policies for carbon emission in Ireland. Their results suggested that the fuel based carbon tax is better than either a vehicle registration tax or motor tax in terms of tax revenue, carbon emission reductions, and social welfare, but worse than the latter 135 in terms of household utility and production costs. Zakeri et al. (2015) presented an analytical supply chain planning model to examine the supply chain performance under carbon taxes and carbon emissions trading. They found that the carbon tax is more worthwhile from an uncertainty perspective as emissions trading costs depend on numerous uncertain market conditions. These studies 140 have not considered the effect of carbon tax uncertainty on the choice among transportation modes. CLSC design problems have been relatively well-studied (Zeballos et al., 2012; Vahdani et al., 2012; Vahdani & Mohammadi, 2015) , but carbon emissions have been considered only recently, and mostly in deterministic models. 145 Paksoy & Ozceylan (2011) proposed a general CLSC network configuration that handles various costs including emission costs for transportation activities in a completely deterministic environment for all parameters. Chaabane et al. (2012) proposed a generic mathematical model to design and plan a CLSC based on the problem assuming that manufacturers are subject to the EU-ETS and a carbon tax is imposed on truck transport. They analyzed how carbon policies and regulations affect product flows, carbon emission generation, and recycling processes in CLSC. Xu et al. (2017) analyzed the effect of carbon emissions on the design 170 of both hybrid and dedicated CLSCs where in the hybrid version, the facilities for forward logistics can be used for reverse logistics also. They compared both economical and environmental impacts of carbon emission policies such as carbon cap, carbon tax, and carbon cap-and-trade. They found that the hybrid CLSC is more emissions-efficient when the carbon tax is introduced.
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Uncertainty in carbon emission regulations has been investigated in CLSC network design only by Gao & Ryan (2014) , who considered a robust formulation of a multi-period capacitated CLSC network design problem while considering two regulations for carbon emissions. They integrated stochastic programming and robust optimization to deal with uncertainty in demands and returns as 180 M A N U S C R I P T
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well as parameters of regulations on carbon emissions from transportation by different modes. They observed that, as the uncertainty level in the carbon tax increases, more facilities are opened and more capacity of modes with lower emission rates is used. Their model did not allow for the allocation of capacity among transportation modes to adjust to the carbon tax rate. Our model 185 incorporates this adjustability to obtain a less conservative design. We show that by allowing adjustability unlike in the Gao & Ryan (2014) model, the same number of facilities can accommodate more uncertainty.
To model an uncertain carbon tax rate, we formulate the RC of the optimization problem with uncertain parameters whose distribution functions are 190 unknown or difficult to determine. This approach was first proposed by Soyster (1972) and further developed by Ben-Tal & Nemirovski (1998 , 1999 , 2000 the optimal cost of the RC solution. In our three-stage model, we integrate a scenario-based optimization for product uncertainties with an AARC for tax rate uncertainty. To our knowledge, the generation of Benders cuts from the duals of the RC and AARC formulations has not been done previously. 
CLSC Design Model
First we present a deterministic model for optimizing facility investments, transportation quantities and capacities of different transportation modes. We assume a carbon tax rather than a cap-and-trade system, since this is politically Thus, t m ij is the amount of capacity, with associated fixed cost, made available to transport x m ij products.
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In addition, the decision variables for unmet demands and discarded returns are denoted as z k and e k units of products respectively, for customer k. In this
model, we do not consider keeping inventory in facilities across periods. We assume that manufacturers are responsible for processing returns after receiving them from collection centers, and we only consider a single product. The nom-230 inal deterministic mathematical model for CLSC network design can be stated as follows:
In this model, c i denotes the investment cost ($) for building facility i ∈ P, h m is the approximate fixed operating cost ($/units of transportation) per unit of capacity of transportation mode m, g m is the unit transportation cost 235 ($/units of product-km) of mode m, and β ij is the distance (km) from node i to
The unmet demand cost is θ ($/units of product) and the corresponding cost for discarded returns is ζ. In addition, α is the carbon tax rate ($/ton) subject to an uncertain exogenous policy decision. In the last term of the objective function, w is the weight of product (tons/units of product), and τ m 240 is the carbon emission factor (tons/ton-km) for transportation mode m.
Constraints (2) introduce a lower bound L m on the cost of mode m as determined by management. A constraint, such as (2), that guarantees at least minimal use of some transportation mode might reflect units of capacity already procured (Yuzhong & Guangming, 2012) or the desire to guarantee access to a 245 mode that provides rapid delivery despite its higher emissions and cost (Turban et al., 2015) . Contractual provisions might cause reluctance to change usage dramatically from previous periods. Or, usage above a threshold might gain a quantity discount. A lower bound on the cost of using a transportation mode is used, instead of a direct lower bound on t, because considering a minimal number 250 of transportation units procured does not necessarily guarantee the use of that available mode for transportation. Considering a lower bound based on cost, as opposed to the number of transportation units, also could reflect how much a manager would like to spend on internal capacity rather than outsourcing.
In addition, constraining cost as a continuous quantity is compatible with our 255 neglect of integer restrictions on the units of transportation capacity to avoid computational complications. This constraint will be revisited in the adjustable RC in Section 3.2.
Constraints (3) and (4) compute met or unmet demands and collected returns, where d n k is the demand (units of product) for new products and d o k is the 260 quantity of returns (units of product). Constraints (5) and (6) 
We incorporate uncertainty by elaborating a three-stage hybrid robust/stochastic program with multiple scenarios for the demands and returns as well as an 270 uncertainty set for the carbon tax rate. The first stage variables determine long-term facility investments that are robust to both types of uncertainty. We describe the incorporation of probabilistic scenarios for demands and returns in 
Stochastic program for CLSC design
In this subsection, we incorporate probabilistic scenarios for demands and 280 return quantities. Letting s ∈ S denote a given realization with probability P s , the nominal stochastic programming extension of (1)-(9) is as follows:
where the second stage of the stochastic program optimizes cost in a given scenario, assuming the nominal value,ᾱ, for the carbon tax rate:
i∈L m∈M
i∈K m∈M
Note that equations (12) -(19) are scenario-specific versions of (2) -(9) and 285 that relatively complete recourse is provided by the slack variables in (13) and (14). To incorporate the third stage and consider the carbon tax uncertainty, we introduce the RC and AARC formulations of the recourse problem in the following section.
Robust Counterparts of the Recourse Problems 290
The robust counterpart of the recourse problem is to find an optimal solution that satisfies all constraints for any carbon tax rateα ∈ U. We define the RC of (11) -(19) as:
m∈M ij∈A
ij∈A 
where variables x s and t s are functions of the uncertain parameter ξ. 
Under this restriction, the product flows and transportation capacity decisions in the ARC (24) -(25) are replaced by an AARC x,t given by:
The purpose of the AARC formulation is to produce less conservative solutions than the RC. However, because uncertainty affects only (21) The AARC x,t model (26) 
(13) − (17), and
Here, all the decisions are second-stage decision variables once t s has been replaced by its affine function of ξ. These models are summarized as follows:
where the affine adjustable versions are:
Problem (44) is currently intractable because of the binary variables y but 340 its subproblems Q AARCx,t (y, s) can be solved as semi-definite programs (see the Appendix). The numerical studies in Section 4.3 show little difference between Q AARCx,t (y, s) and Q AARCt (y, s). Therefore, in the sequel we focus attention on models (43) and (45), which are mixed-integer linear programs.
Problems (43) and (45) can be solved directly but, with large numbers of 345 scenarios and potential facilities, this approach would become computationally cumbersome. We use a multi-cut version of Benders decomposition (BD)
to decompose the problem into master and sub-problems (Birge & Louveaux, 2011) . Because the recourse problems are always feasible since these models have relatively complete recourse, only optimality cuts are generated. The mas-350 ter problem is: (41), respectively, as λ 1 to λ 8 , the dual of subproblem (37) -(42) is as follows:
If Σ s > δ s , the following optimality cut is added to the master problem for 370 the next iteration:
where the left-hand-side is Σ D s from (47).
Computational Experiments
To explore the effects of adjustability and uncertainty on the decisions and their costs, we present a computational experiment based on randomly gener-375 ated instances with realistic parameter values as described in Section 4.1. In Section 4.2, we assess the value of adjustability. Using the full hybrid stochastic/robust model for the second and third stages, we compare the optimal expected worst case costs when both transportation capacities and product flows can adjust to the carbon tax rate to their counterparts when only the trans-380 portation capacities are adjustable. Observing little difference, we focus the rest of the study on the hybrid model with adjustability only in transportation capacities. We evaluate RC and AARC t solutions assuming deterministic demands and returns to explore the effects of adjustability in the transportation mode capacity on design decisions and the role of the transportation cost lower 385 bounds. By comparing the results of the RC and AARC t models with various sizes of the uncertainty set we observe the impact of tax rate uncertainty on the transportation capacities and facility locations. In Section 4.3 we evaluate the combined effect of uncertainties in hybrid robust/stochastic instances where demand and return quantities as well as the carbon tax rate are integrated.
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The effects of uncertainties on the optimal cost, facility investment, and transportation mode choices are also evaluated and the superiority of the hybrid formulation over the deterministic one is shown.
Parameter definitions
We randomly generate the locations of potential facilities and customers for the fixed costs c i and capacities η i of potential factories, warehouses and collection centers are shown in Table 1 . based on approximately 20% of total truck operating costs (Coyle et al., 2011) .
We calculate the total cost of each truck by multiplying the average distance between facilities by the maximum weight of each truck divided by 0.80. There-425 fore, the fixed costs for different instances depend on the randomly generated distances. The h m values for the deterministic instances of Section 4.1 are provided in the fourth column of shown in the last column of Table 2 , are based on data from The Network for Transport and Environment (2014) . Heavy trucks usually have lower emission rate per ton but more capacity than light trucks. We generate three scenarios for demands: low, medium and high, where for each customer, k, the low demand d n k1 is generated according to a normal distri-435 bution with mean value 400 units and standard deviation 100; i.e., N(400,100).
We assume the medium and high demands of customer k are d n k2 = d n k1 +100 and d n k3 = d n k2 + 100. Independent of demands, returned products d o k are obtained by multiplying a rate of return Rt k generated from N(0.2 , 0.1) by demands;
i.e., d o ks = Rt k d n ks . Shortage costs θ and ζ for unmet demands and uncollected 440 returned products usually exceed other components such as production and transportation costs (Absi & Kedad-Sidhoum, 2008) . Therefore, after calculat- 
Impact of adjustability
We first explore the value of allowing product flows, x, as well as transportation capacities, t, adjust to the value of the carbon tax rate. We solve the AARC t formulation (45) and save the optimal facility investment decisions, y, as well as the optimal expected worst-case cost s∈S P s Q AARCt (y, s). Then, 455 assuming those investment decisions have been implemented, for each scenario we solve the AARC x,t formulation (26)-(36) of the second and third stages as a semi-definite program (see the Appendix). We compute s∈S P s Q AARCx,t (y, s)
for comparison. Finally we compute the gaps between these expected worst case costs and the corresponding expected worst-case RC recourse cost from (20) -460 (23). Figure 4 shows that, for a large range of widths of tax uncertainty setα, the difference between the gaps are negligible; i.e., adjustability of the product flows in addition to the transportation capacities has very little impact given a fixed set of facilities. Figure 5 shows the same comparison for a fixed level of 465 uncertainty as the lower bound on the cost of transportation mode 1 increases.
While the expected worst-case recourse cost differences between AARC x,t and AARC t are negligible, the average computational times of the SDP model for the second and third stages are about 450 times those of the three-stage MILP model in this instances. Therefore, we focus attention on the more computationally and L 1 = L 2 = L 3 = 0 are compared in Table 3 . In this table, the total use of three modes by summing over total product flows of all arcs are shown to be the same for both RC and AARC t formulations. As shown in the last column, there is no difference between the RC and the AARC t solutions because uncertainty is constraint-wise. Mode 2 is used in most cases when there is no lower bound 485 on transportation cost but, as the uncertainty of carbon tax increases, the use of lower-emitting transportation mode 3 increases. Table 4 shows the results of setting the lower bound, L 1 , on transportation and emission costs of mode 1 to $1M with L 2 = L 3 = 0. The RC and the AARC t solutions for different tax rate uncertainty sets are compared forᾱ = 30.
490
The facility configuration is the same for both RC and AARC t . The difference between the RC and AARC t objective values increases with the uncertainty of the carbon tax rate. In all of these instances, the use of mode 2 or 3, with lower emission cost, is higher in the AARC t solution than in the RC solution.
Tables 5 and 6 illustrate the differences between RC and AARC t solutions the cost of either transportation mode increases. However, the RC and AARC t objective differences with the mode 1 lower bound (Table 5 ) are higher than 500 with the mode 3 lower bound (Table 6 ) because mode 1 has the higher emission rate.
Combined effect of uncertainties on decision variables
In this section we compare the solutions to the hybrid robust/stochastic formulations (43) 391,806 12,432,293 0.33 12,463,191 12,555,984 0.74 10 12,448,955 12,483,124 0.27 12,534,298 12,601,637 0.53 15 12,475,871 12,508,539 0.26 12,567,575 12,623,956 0.45 20 12,502,786 12,533,954 0.25 12,600,414 12,645,983 0.36 25 12,527,455 12,557,362 0.24 12,631,885 12,666,767 0.28 30 12,548,517 12,578,992 0.24 12,662,188 12,687,443 0.20 the deterministic solutionȳ(d) is evaluated in the stochastic model, we obtain
The amount of savings that results from solving the stochastic model, called the value of the stochastic solution (VSS), equals EEV−RP (Birge & Louveaux, 2011) . The costs of RP and EEV and their comparisons for the AARC t model are shown in Tables 7 and 8 . For example, the VSS with the nominal value of 520 the carbon tax rateα = 0 and L 1 = 0 in Table 7 , is EEV − RP = 40, 487 which is 0.33% of RP.
The results in Table 7 indicate that the savings from solving the stochastic program compared to the deterministic model decrease as the carbon tax rate uncertainty increases. Table 8 shows the cost savings from the stochastic model's 525 solution for different values of lower bounds on modes 1 and 3. The highest cost savings are observed for the highest values of each lower bound.
Effect of uncertainty on facility investment and transportation mode choice Figure 6 shows the facility configuration of the solution of AARC t (45) when demands and returns are deterministic andα = 10 assuming five potential 530 facilities of each type and 20 customers. In addition, the lower bounds on transportation and emission costs for all three modes are assumed to be zero.
In this instance, three plants, three warehouses, and two collection centers are opened. Figure 7 shows the facility configuration of the same instance as in ,455,944 12,489,521 0.27 250 12,467,874 12,501,327 0.27 500 12,489,066 12,521,598 0.26 750 12,511,519 12,543,165 0.25 1000 12,534,298 12,601,637 0.53 (L 1 = 0), L 3 : 100 12, 451,178 12,485,342 0.27 250 12,454,847 12,488,945 0.27 500 12,461,284 12,496,485 0.28 750 12,469,413 12,506,054 0.29 1000 12,486,465 12,568,429 0.65 Table 9 : The comparison among "mean ± standard error" of the AARCt solutions of ten randomly generated instances of parameters with different values ofᾱ when L 1 = $1.5M, L 2 = L 3 = 0 andα = 10.
Average use of modes(%) Average opened facilities α m=1 m=2 m=3 |I| |J | |K| 20 91 ± 1.2 9 ± 1.2 0 ± 0.0 8.1 ± 0.2 7.6 ± 0.2 4.4 ± 0.7 35 87 ± 1.9 13 ± 1.9 0 ± 0.0 7.8 ± 0.2 7.5 ± 0.2 4.1 ± 0.7 50 85 ± 0.9 6 ± 1.3 9 ± 1.4 8.1 ± 0.3 7.6 ± 0.2 3.7 ± 0.6 numbers of both warehouses and collection centers are decreased from three to two facilities, and one plant has moved to a different location compared to the solution of the deterministic model in Figure 6 . Table 9 displays the solutions of larger instances as the nominal carbon tax α increases from 20 to 50. For each carbon tax uncertainty level, we randomly 540 generated ten instances of demands, returns, fixed costs, and capacities from their distributions, maintaining a fixed number, 20, of potential facilities of each type to satisfy 70 customers. The results in Table 9 show that by increasing the nominal value of the carbon tax rate, the use of modes with lower emission rate would significantly increase. However, unlike the results found in Gao & Ryan 545 (2014), the number of opened facilities does not significantly change. Table 10 shows the results for 20 trials of the same experiment to compare the solutions for stochastic and deterministic demands and returns of the AARC t formulation. We randomly generated the probabilities of scenarios 1 and 2 from To see how the number of opened facilities is affected by adjustability assuming 20 potential facilities of each type to satisfy 70 customers, Figure 8 shows the 555 total number of opened facilities for four different randomly generated instances.
We assumed higher demands to represent longer periods by setting the mean and standard deviation of demands to be 100 and 10000 units, respectively, and the demands in the medium and high scenarios to be 10000 and 20000 units, respectively, more than those in the low scenario. Also the facility capacities Thus, the AARC t model provides a less conservative solution not only in terms of transportation modes but also in terms of facility investment while satisfying all demands and returns.
Conclusions
In this paper, we formulated a hybrid robust/stochastic model for CLSC 570 network design that is subject to uncertainty in demands and returned products. We used probabilistic scenarios for the quantities of demands and returned In computational experiments, we illustrated the reduced conservatism pro-580 vided by affine adjustability in the robust counterpart. We analyzed the solutions of the RC, AARC t and AARC x,t formulations with different levels of uncertainty in the carbon tax rate and lower bounds on the transportation and emission costs of different modes. The results confirm the intuitive understanding that the total expected cost in the worst case of the carbon tax rate 585 is decreased by increasing the utilization of transportation modes with higher capacity per unit and lower emission rate. This behavior is consistent across different levels of the lower bounds on transportation and emission costs by mode. When there is uncertainty in demands and returns, the numbers of opened facilities do not vary with the nominal value of carbon tax, but the optimal use of modes with lower emission rates increases. In addition, the AARC t solution opens fewer facilities and more highly utilizes modes with lower emission rates 600 than the RC solution. That is, adjustability in the transportation capacity by mode can substitute for facility investment as a hedge against carbon tax rate uncertainty.
Suggestions for future research include expanding the formulation to multiple time periods that would accommodate temporal variability in demands, returns 605 and carbon tax rates, with multiple stages of decision-making. In addition, explicitly modeling inventories in the facilities to the problem could be a useful extension to examine the tradeoff between emission and inventory costs. 
where γ >= 0 in all the constraints and auxiliary variables Γ, V and σ in (60) and (61) 
